to Environment and Climate Change Canada (ECCC)'s weather and greenhouse gas forecast model (GEM-MACH-GHG) to consistently model atmosphere-land exchange of CO 2 . The coupling between the land and the atmospheric transport model ensures consistency between meteorological forcing of CO 2 fluxes and CO 2 transport. The procedure used to spin up carbon 5 pools for CLASS-CTEM for multi-decadal simulations needed to be significantly altered to deal with the limited availability of consistent meteorological information from a constantly changing operational environment in the GEM-MACH-GHG model.
Introduction
Terrestrial ecosystems play a crucial role in the global climate-carbon system. Therefore, there is a need to better understand 5 terrestrial biospheric processes related to the carbon cycle in order to obtain more reliable projections of their behavior under a changing climate. Given the great heterogeneity of vegetation and soils, the coverage and accuracy of the flux measurements are not sufficient for obtaining large-scale flux estimates with high confidence (Jung et al., 2009; Beer et al., 2010) . As a result, considerable efforts have been made to develop terrestrial ecosystem models (TEMs) (whether simple regression or processoriented) in order to quantify the magnitude, geographical distribution, and evolution of sources and sinks of carbon at regional 10 and global scales (Potter et al., 1993; McGuire et al., 2001; Sitch et al., 2003; Thornton et al., 2005; Krinner et al., 2005; Reichstein et al., 2005; Badawy et al., 2013; Arora and Boer, 2005; Melton and Arora, 2016) . However, systematic errors and uncertainties in the models can result from driving or forcing data (Jung et al., 2007; Clein et al., 2007; Zhao et al., 2006; Garnaud et al., 2014; Dalmonech et al., 2015; Anav et al., 2015; Wei et al., 2014) , process formulation (also called model structure) (Sitch et al., 2015) , model parameter specification, and initial conditions (Carvalhais et al., 2008 (Carvalhais et al., , 2010 Melton et al., 15 2015; Zhu and Zhuang, 2015) , leading to differing estimates of CO 2 fluxes from different models (McGuire et al., 2001; Piao et al., 2013; Sitch et al., 2015) . Such differences in TEMs are among the main sources of uncertainty in future projections from coupled carbon-climate models (Anav et al., 2013; Friedlingstein et al., 2006; Arora et al., 2013; Friedlingstein et al., 2014) . Therefore, there is a need to evaluate the performance of TEMs in order to identify and diagnose their weaknesses and strengths and ultimately reduce model uncertainties. Indeed, this is the motivation behind TEM multimodel intercomparisons 20 efforts such as the Multi-scale Synthesis and Terrestrial Ecosystem Model Intercomparison Project (MsTMIP) (Huntzinger et al., 2013) .
Inverse models (which relate concentrations to fluxes using an atmospheric transport model) are powerful tools to quantify carbon fluxes over large regions (Rödenbeck et al., 2003; Peters et al., 2007; Peylin et al., 2013) and can be used to evaluate the TEM results. However, inverse models suffer from deficiencies and uncertainties arising from transport 25 errors, choice of observation network, observation uncertainties, and prior flux errors. Alternatively, there are carbon cycle data assimilation systems (CCDAS), which couple the strengths of the top-down (inversion) and bottom-up (i.e. TEM) approaches by embedding a TEM within a comprehensive climate model and using measurements from multiple streams to constrain the TEM (Scholze et al., 2003; Rayner et al., 2005; Koffi et al., 2013) . The benefit is that biospheric models can then be validated on the global scale using atmospheric measurements of CO 2 that integrate the CO 2 signal at various spatial and 30 temporal scales. Theoretically, in CCDAS, parameters of a TEM can also be optimized to improve its fit to atmospheric CO 2 broadleaf trees, crops and grasses. For each PFT, prescribed physiological characteristics, such as albedo, annual maximum and minimum leaf area index (LAI), vegetation height, canopy mass, and rooting depth have to be specified. When coupled to CTEM, these structural vegetation attributes are dynamically simulated by CTEM with a daily time step and then passed to CLASS.
CTEM is a process-based terrestrial biosphere model that grows vegetation from bare ground and simulates the main pro-5 cesses governing carbon fluxes between the land biosphere and atmosphere. The model is parametrized and designed to simulate land-atmosphere exchanges of carbon through photosynthesis, ecosystem respiration (sum of autotrophic and heterotrophic respiration), phenology, turnover, mortality, allocation, fire and land use change (Arora, 2003; Arora and Boer, 2005; Melton and Arora, 2016) . The model is represented by three living vegetation pools (leaves, stems, and roots) and two dead carbon pools (soil organic matter and litter). The terrestrial ecosystem processes are calculated for nine PFTs: Needleleaf evergreen, 10 Needleleaf deciduous, broadleaf evergreen, broadleaf cold deciduous, broadleaf drought/dry deciduous, crops (C 3 and C 4 ) and grasses (C 3 and C 4 ). When coupled, CTEM provides time-varying vegetation structure attributes to CLASS and the calculated variables for the nine PFTs are averaged (weighted by the fractional coverage of each PFT) to obtain the four PFTs in CLASS that share similar functionality.
Within CTEM, photosynthesis and leaf respiration sub-modules operate on a half-hourly time step as in CLASS in order 15 to model the effect of the CO 2 concentration on stomatal conductance. Other terrestrial ecosystem processes, including stem, root, and heterotrophic respiration are modelled at a daily time step. Recently, Badawy et al. (2016) modified CTEM to add the capability to simulate all respiratory fluxes at the same time step as CLASS (i.e. half-hourly) in order to model their diurnal variation caused by subdiurnal signals in the driving climate data. The current version of CTEM does not include the nitrogen cycle and its interactions with carbon cycle. Nevertheless, the model constrains the response of terrestrial photosynthesis to 20 elevated CO 2 via an empirical formulation based on experimental plant growth studies (Arora et al., 2009) . The model structure and its parametrizations are documented in Arora (2003) , Arora and Boer (2005) , and Melton and Arora (2016) , in which a comprehensive description of model subroutines is provided.
Besides the meteorological inputs (shortwave and longwave downward radiation, air temperature, precipitation, specific humidity, surface pressure, wind speed (see Section 2.4)), the model requires data on soil texture (i.e. percentage of sand and 25 clay for the three soil layers), fractional vegetation coverage for each PFT, organic matter content, permeable soil depth, and atmospheric CO 2 . The soil texture information is based on Zobler (1986) . The vegetation fractional coverage for the nine PFTs in CTEM are adapted from Arora and Boer (2010) but using the HYDE v3.1 data set for crop area (Hurtt et al., 2011) to reconstruct the historical land cover. The model uses inputs of annual mean atmospheric CO 2 concentrations, which are based on phase 5 of the Coupled model Intercomparison Project (CMIP5) (Meinshausen et al., 2011) . into the meteorological model to provide air quality forecasts over North America. GEM-MACH-GHG is a variant of GEM-MACH that removes the reactive chemistry and replaces it with climate-chemistry (e.g. OH climatology). In addition, a number of modifications to GEM-MACH were made, including the implementation of a mass conservation scheme, and modifying the vertical mixing in the boundary layer. A horizontal resolution of 0.9
• (400×200 grid points), and a time step of 30 minutes are used.
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In this study, the meteorological fields required to drive CLASS-CTEM are produced from GEM-MACH-GHG following the same approach as in Polavarapu et al. (2016) for the 2009-2010 period. Prior to 22 June 2009, the operational analyses were produced using a model with a lid at 10 hPa. Since that date, the operational model has used a much higher lid of 0.1 hPa and since the period of interest for greenhouse gas simulations commences with the launch of the Greenhouse Gases Observing Satellite (GOSAT) (Kuze et al., 2009; Yokota et al., 2009) were supplemented by CMC archives of the "parallel run" (the system during its testing phase) and a preliminary run. Given that GEM-MACH-GHG was under development during this study, only a few years were simulated (2009) (2010) ). There will always be an unsatisfactory length of analyses available for a TEM spin up period whenever operational weather forecast system is involved (e.g. Agusti-Panareda et al. (2016) also had similar issues). Moreover, greenhouse gas assimilation systems 15 are constrained (by time, computational expense and the observing system) and thus often focus on a few years of study at one time (e.g Deng et al. (2014 Deng et al. ( , 2016 ). Thus, the challenge is to merge this small dataset into the spin-up procedure used for the TEM. As we shall see, despite this considerable challenge, the resulting impact on fluxes are still within the bounds of uncertainty provided by an ensemble of TEMs. The meteorological fields are initialized at the start of each 24h cycle with archived analyses from the CMC which were produced by the previously operational four-dimensional variational (4D-Var) 20 data assimilation system (Charron et al., 2012) , interpolated to GEM-MACH-GHG's 0.9
• resolution. The 24-hour forecasts of shortwave and longwave radiation, surface temperature, wind speed, surface pressure, total precipitation, and specific humidity, were generated every 30 minutes, and then interpolated to the CLASS-CTEM grid.
GEOS-Chem
Previous inversion studies show that optimized fluxes are sensitive to prior fluxes particularly for regions that are poorly 25 constrained by atmospheric observations such as the tropics . In order to assess the quality of NEE from CTEM-GEM in comparison to other flux estimates, it is necessary to perform some inversion studies. Ideally, such inversions would be conducted with GEM-MACH-GHG but since the assimilation capability of EC-CAS is still under development, an alternative inversion system based on the GEOS-Chem model (http://geos-chem.org) is used. The GEOS-Chem model has often been used to simulate atmospheric CO 2 (e.g. Suntharalingam et al. (2004) ; Nassar et al. (2010) ). This model is a global 30 3-D chemical transport model driven by assimilated meteorology from the Goddard Earth Observing System (GEOS-5) of the NASA Global Modelling and Assimilation Office (GMAO). Nassar et al. (2010) described an update of the atmospheric CO 2 simulation in GEOS-Chem. In this study, the model has a horizontal resolution of 4
• × 5
• , with 47 vertical layers from the surface to 0.01 hPa. The assimilation system is a 4D-Var data assimilation system in which a set of scaling factors is optimized to adjust the fluxes in each model grid box to better reproduce the observations over a given time period. In the 4D-Var system, the adjoint of the GEOS-Chem model is used to optimize the fluxes. Details of the GEOS-Chem adjoint model are given in Henze et al. (2007) and a description of its application for inverse modeling of atmospheric CO 2 is provided in Deng et al. (2014 Deng et al. ( , 2016 .
CRU-NCEP
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The observation-based 0.5
• monthly climatology from the Climate Research Unit (CRU, version TS3.2) (Harris et al., 2014) and the ∼ 2.5
• , 6-hourly reanalysis fields from the National Centers for Environmental Prediction (NCEP) (Kalnay et al., 1996) were combined to produce the CRU-NCEP global climate data set (Viovy, 2016 ) that has been described in Wei et al. (2014) .
The CRU-NCEP dataset provides globally gridded (0.5
6-hourly time-varying climatology products that covers the period 1901-2014. The input data from CRU-NCEP includes shortwave and longwave radiation, surface temperature, wind 10 speed, surface pressure, total precipitation, and specific humidity. These climate data were interpolated to the CLASS-CTEM's grid and disaggregated to a half-hourly time step as described in Arora and Boer (2005) , and Melton and Arora (2014).
Other Datasets
To evaluate the quality of the GEM driving data, the forecasted fields of shortwave radiation, temperature, and precipitation for 2009 and 2010 are compared with CRU-NCEP, and both are evaluated against the CRU dataset and the ERA-Interim reanalysis
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(hereafter called ERAI) of the European Centre for Medium-Range Weather Forecasts (ECMWF) (Berrisford et al., 2011; Dee et al., 2011) . The 2.5
• monthly ERAI data is available at the ECMWF data server.
To assess the impact of using alternative driving data on the simulated fluxes, the CLASS-CTEM fluxes obtained with GEM and CRU-NCEP meteorology are compared and evaluated against independent observation-based flux estimates and other model results. For example, the simulated GPP was compared with the observation-based estimates of gross primary We evaluate the results of the inversion analyses (described in section 3.3) using the GEOS-Chem model by comparing the a posteriori CO 2 fields to atmospheric CO 2 observations from the Total Carbon Column Observing Network (TCCON) from which the column-averaged dry-air mole fractions of CO 2 (XCO2) are retrieved (Wunch et al., 2011 (Wofsy, 2011; Wofsy et al., 2012) , for 9 to 21 January 2009, 31 October to 22
November 2009, and 24 March to 16 April 2010, respectively.
Experimental Design
When coupling CLASS-CTEM to EC-CAS, we first identify a necessarily-imperfect spin-up procedure that transitions from 5 climate data forcing from a standard dataset such as CRU-NCEP to a short sequence of operational meteorological analyses (Section 3.1). Once fluxes are available from CLASS-CTEM for CRU-NCEP meteorology with the standard spin-up procedure and from GEM-MACH-GHG with the modified spin-up procedure, the simulations of CO 2 that are performed with GEM-MACH-GHG are described in Section 3.2. Finally, the a priori fluxes from CLASS-CTEM are tested in a flux inversion experiment which is described in Section 3.3. 
CLASS-CTEM Runs
To test the sensitivity of the simulated carbon fluxes to the meteorological forcing, we performed a series of experiments with CLASS-CTEM using two different meteorological inputs from (1) CRU-NCEP (hereafter called CTEM-CRUNCEP), which has been used to drive CLASS-CTEM simulations in previous studies (Melton and Arora, 2014; Melton et al., 2015; Badawy et al., 2016) , and (2) GEM-MACH-GHG (hereafter called CTEM-GEM). For the CTEM-CRUNCEP run, the model was first Note that fire and land use change are not taken into account in the current model's simulations due to the large uncertainty in the global land use history (Houghton et al., 2012) that may yield significant biases in the simulated CO 2 fluxes. Also, the standard model parameters were not changed or tuned to improve model performance when using alternative meteorological inputs. Hence the main differences between the CLASS-CTEM runs are the meteorological inputs, and the set-up of the spin-up simulations. 
Forward simulation using GEM-MACH-GHG model
Forward simulations are performed using the GEM-MACH-GHG model to evaluate how well CLASS-CTEM, using meteorological inputs from GEM-MACH-GHG, is able to reproduce temporal variations in atmospheric CO 2 at monitoring stations.
The estimated NEE from CTEM-CRUNCEP and CTEM-GEM were used as a surface boundary condition in GEM-MACH-GHG, which transports the signal from the surface fluxes throughout the atmosphere, to validate the resulting modelled concen-10 trations against observations of atmospheric CO 2 . The other fluxes are kept the same as in Polavarapu et al. (2016) . Specifically, the anthropogenic emissions from fossil fuel burning and cement manufacturing, biomass burning, ocean-atmosphere carbon exchange and initial atmospheric concentration (Jan 1, 2009) are based on CT2013B (Peters et al., 2007) .
Inversion Analysis Configuration in the GEOS-Chem Model
Because flux inversions have been performed for over a decade with the in situ measurements, there is a considerable body of 15 literature of such inversion results (e.g. Rödenbeck et al. (2003) ; Peters et al. (2007) , and Peylin et al. (2013) ). Consequently, for our experiments, we use this observing network as opposed to a combined one that includes the more recent satellite missions.
Thus, the GEOS-Chem flux inversions use the flask observations of atmospheric CO 2 collected by NOAA ESRL Carbon Cycle
Cooperative Global Air Sampling Network sites (Dlugokencky et al., 2015) and ECCC sampling sites (Worthy et al., 2009 ).
We use the same set of observation sites as described in Deng et al. (2014) (see their Section 2.1.2).
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In this study, we use the similar a priori CO 2 fluxes of the anthropogenic emissions from fossil fuel burning and cement manufacturing, biomass burning, and ocean-atmosphere carbon exchange described in Deng et al. (2014) in order to maximize comparability with the those results. However, for the biospheric flux of CO 2 , we conducted three runs using three different NEE priors from CTEM-GEM, CTEM-CRUNCEP, and BEPS. The optimized 3-D CO 2 mixing ratio field from CarbonTracker was used as the initial CO 2 field in the inversion runs.
4 Results and Discussion
For the meteorological data, we compare temperature, shortwave radiation, and precipitation, which are considered to be the most important variables controlling land carbon dynamics (Piao et al., 2013) . We also compare the component fluxes of GPP, R eco , and net ecosystem exchange (NEE = R eco -GPP) in order to identify the potential drivers of differences between model simulations. To examine regional differences, data and model output are also spatially aggregated to the 11 land regions of the
30
TransCom inverse model inter-comparison project (Gurney et al., 2003) .
Differences in Meteorological Forcing
Here, we evaluate the meteorological data from GEM by comparing it against CRU-NCEP, CRU and ERAI datasets where possible. Figure 1 shows the spatial patterns of the differences in mean annual temperature between GEM, CRU-NCEP, and should be small by design. In contrast, GEM is warmer than CRU over the North high latitudes and generally cooler elsewhere.
The comparison also shows that CRU-NCEP is cooler than GEM in Northeastern North America, Eastern Europe, and Eastern Asia, and warmer in Africa, Southwestern Asia, South America, and the west coastline of North America. The differences in
Figs. 1e and 1f are much larger than those seen in Figs. 1a and 1b because GEM analyses are completely independent of CRU. found that the NCEP fields had a cold bias at all latitudes and that the bias was largest in the tropics, which is similar to the bias in the GEM fields. Zhao et al. (2006) also found that the ECMWF ERA-40 (the precursor to ERAI) and DAO fields had
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smaller zonal mean biases compared to NCEP, but the ERA-40 fields were similar to those from GEM in that they had a high bias at high latitudes.
To better illustrate the differences between the datasets, we have plotted in Fig. 2 the monthly mean temperature averaged for the 11 TransCom land regions. All the data show the same seasonal variations, with opposite phases of temperature between hemispheres. The largest differences are found in the tropics and the Southern hemisphere. GEM tends to be biased low 20 compared to the other data in Northern Africa, Southern Africa and temperate South America. CRU-NCEP overall is in better agreement with the observations (CRU). This is not surprising given that CRU-NCEP was produced by combining CRU and NCEP/NCAR Reanalysis products. The comparisons of the differences in annual total precipitation between GEM, CRU-NCEP, and CRU datasets are shown in Fig. 5 . The smallest differences are between CRU-NCEP and CRU. The largest differences in magnitude between CRU-NCEP 5 and CRU are mainly in the tropics, particularly tropical Asia, and along the west coast of South America. Also, the largest differences between GEM and CRU are in the tropics. The comparison also indicates that CRU-NCEP is wetter than GEM in the tropics and sub-tropics, and in the temperate regions, but is drier than GEM in some areas of the boreal regions, and over a few grid cells in central Africa, and China. In general, the tropics exhibit the largest differences between the GEM and CRU-NCEP datasets.
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The comparisons between the monthly total precipitation integrated over the TransCom land regions are shown in Fig. 6 .
Unlike temperature and shortwave radiation (well represented by global models), there is a very clear difference in monthly total precipitation among the datasets, except between CRU-NCEP and CRU, which agree very well with some differences in the tropics. It is clear that the largest differences occur mainly during summer in each hemisphere, which is associated with high precipitation. GEM tends to be drier mainly during summer. Despite the differences in the seasonal amplitude, GEM shows 15 a quite similar seasonal variability compared to other datasets. We should keep in mind that precipitation estimates from the reanalysis/forecast systems are normally associated with large errors (Harris et al., 2014) , particularly over land. These errors are due to problems with the convective parametrization in the models, and the fact that ground-based precipitation observations
are not yet used in the data assimilation systems. On the other hand, CRU monthly precipitation suffers large biases in areas where observations are sparse (i.e. tropics and southern Hemisphere) (Harris et al., 2014) . In fact, the observation-based datasets 20 are not based only on measurements, but are also sometimes model-dependent (i.e. filling gaps, interpolation, etc) (Harris et al., 2014) . These deficiencies as well as the different spatial/temporal resolutions among models and observations can explain some of the differences between the datasets. Deficiencies in ERAI and CRU have been investigated in previous studies (Simmons et al., 2010; Balsamo et al., 2010; Szczypta et al., 2011) .
In summary, the meteorological fields from GEM are similar in quality to those from reanalyses (ERAI) and observation-25 based (CRU and CRU-NCEP) datasets. However, there are some notable discrepancies in seasonal variations and spatial distribution patterns between GEM and CRU-NCEP, particularly in precipitation estimates in the tropics, which will be reflected in the estimated carbon fluxes. Biases in precipitation may indicate that the convective scheme used in GEM system needs to be improved, in particular, over the tropics. CLASS-CTEM driven by GEM precipitation will be impacted by these biases.
Impact of Meteorological Forcing on Carbon Fluxes 30
Here, we assess the impact of changing meteorological inputs on the simulated carbon fluxes to determine whether biases in fluxes can be attributed to biases in the meteorological variables. 
Differences in Simulated Carbon Fluxes
To evaluate the spin-up procedure, the simulated global values of primary carbon pools and fluxes are summarized in Table 2 suggests that precipitation plays a significant role in plant productivity in the tropics, and thus accurate precipitation patterns are necessary to establish realistic initial values for carbon pools and fluxes during the spin-up runs. Despite the differences in model inputs and spin-up configuration, the initial global carbon pools and fluxes from CTEM-GEM, however, are still within the range of the other estimates (Melton and Arora, 2014, Table 2 ).
The low GPP values from CTEM-GEM warrant further discussion given that the initial estimates of carbon pools and fluxes 20 are critical to obtain an accurate estimate of historical CO 2 fluxes (Exbrayat et al., 2014; Tian et al., 2015) . Carbon stocks are often not well modeled in TEMs (Houghton et al., 2012; Tian et al., 2015) . The zonally averaged GPP in Fig. 7b indicates that CTEM-CRUNCEP and BEPS agrees very well with B10 compared to 15 CTEM-GEM, which underestimate GPP over the tropics.
Since the formulation of most models, including CLASS-CTEM and BEPS, links respiration to photosynthesis (Melton and Arora, 2016) , R eco estimates from both simulations and BEPS show a similar pattern to GPP (spatially and zonally), with significant differences in the most productive ecosystems (not shown here). The large discrepancies in seasonal variations and spatial distribution patterns between GEM and CRU-NCEP are due to the precipitation differences (temperature and shortwave 20 radiation have much better agreement), particularly in the tropics. Figures 5 and 7 suggest that the differences in the spatial pattern of GPP are more closely associated with precipitation than temperature or shortwave radiation differences over the tropics. This is consistent with previous findings (Nemani et al., 2003; Jung et al., 2007; Beer et al., 2010; Piao et al., 2013; Anav et al., 2015) that interannual variation of productivity is primarily correlated with the precipitation over the tropics.
To examine regional differences, the seasonal variation and the annual mean of GPP from both simulations, and BEPS are Model (MPI-ESM) on the simulated land carbon fluxes. They found that biases in the meteorological forcing to a large extent control the magnitude of GPP rather than the phenology and seasonal cycle of productivity, which could be more related to the model formulations (i.e. the timing and length of the growing season).
The annual GPP, R eco , and the net flux are given in Table 3 This leads to a stronger land carbon sink from CTEM-CRUNNCEP compared to CTEM-GEM (Table 3 ). The weaker sink in CTEM-GEM is due to the lower precipitation estimates in the tropics (the region that mainly controls interannual variability in the carbon cycle), and hence lower global GPP (Piao et al., 2013; Beer et al., 2010) .
To assess the impact of the differences in GPP and R eco from CTEM-CRUNCEP and CTEM-GEM on the seasonal cycle sometimes with opposite phases. In the northern hemisphere, CTEM-GEM and CTEM-CRUNCEP have better agreement with each other during winter than in summer. CTEM-GEM also tends to have the peak of the growing season one month earlier than CTEM-CRUNCEP (i.e. Eurasian boreal and North America temperate) due to the differences in GPP seasonal cycle (see Fig. 8 ). Even though there is large difference in the amplitude of the seasonal cycle of GPP (the same for R eco -not shown here) from CTEM-GEM compared to CTEM-CRUNCEP (Fig. 8) , the difference is much smaller in NEE. This is due to the 20 fact that NEE is the difference between two large terms (GPP and R eco ). That means, even though GPP and R eco have large biases compared to observation-based estimates, the biases in NEE are much smaller.
Despite the significant differences in model inputs, and differences in model structure and methods, the CTEM-GEM flux estimates are within the range of the other estimates from TEMs used as a priori estimates in flux inversions (i.e. BEPS) or measurement-constrained fluxes (i.e. CT2013B). Accordingly, the prior information from CTEM-GEM is considered to be 25 suitable for testing in the data assimilation context. However, flux estimates in the tropics from CTEM-GEM should be treated with caution.
Modelled CO 2 Concentration
To assess the quality of the CO 2 fluxes from CLASS-CTEM simulations, terrestrial NEE fluxes from CTEM-CRUNCEP and CTEM-GEM are used as a priori land fluxes in the GEM-MACH-GHG global atmospheric CO 2 transport model. For comparisons, GEM-MACH-GHG was also run using the posterior NEE fluxes from CT2013B as described in Polavarapu et al. (2016) . In these forward simulations, the anthropogenic emissions from fossil fuel burning and cement manufacturing, biomass burning, ocean-atmosphere carbon exchange are based on CT2013B (Peters et al., 2007) so that the only difference between the three runs is the terrestrial NEE fluxes. 
155.58
• W) (Worthy et al., 2009; Dlugokencky et al., 2015) . At both observation sites, the simulations forced with CTEM-CRUNCEP and CTEM-GEM NEE fluxes (red and blue curves) have a similar overestimation of the observed atmospheric CO 2 from December to June, but the simulation forced with CT2013B fluxes (green curves) has a much better match to ob-5 servations. This makes sense because CT2013B fluxes have been informed by atmospheric observations whereas the other two fluxes have not. The differences between the modeled and observed CO 2 might also indicate deficiencies in the seasonal cycle of flux estimates from CTEM-CRUNCEP and CTEM-GEM. Interestingly, for Alert, the simulation forced with CTEM-GEM has a better match to observations during the autumn of both years compared to those driven by CTEM-CRUNCEP and CT2013B, which underestimate atmospheric CO 2 . As explained in Polavarapu et al. (2016) , the autumn underestimation at
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Alert with CT2013B fluxes is likely due to a mismatch in seasonal-scale meridional transport between GEM-MACH-GHG and TM5 (the model used to produce CT2013B). For Mauna Loa, CTEM-GEM has worse agreement with the observations, especially during winter. The overestimation of atmospheric CO 2 at Mauna Loa with CTEM-GEM is likely due to the less net uptake over the tropics as discussed before. Figure 11 shows the zonal mean CO 2 for the 3 simulations (CTEM-CRUNCEP, CTEM-GEM, and CT2013B) for selected 15 winter and summer dates. In general, the zonal mean fields from the three simulations have good agreement in the upper levels with the greatest differences near the surface. In winter, the CTEM-GEM simulation (center panels) produces high net emission (less carbon uptake) over the northern hemisphere, while CTEM-CRUNCEP (left panels) and CT2013B (right panels) show quite similar zonal means. In summer the CTEM-CRUNCEP simulation shows higher CO 2 over the northern hemisphere compared to CTEM-GEM and CT2013B, which have better agreement but to a lesser extent in summer 2010.
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Overall, the comparison reveals that the modelled CO 2 , at Alert and Mauna Loa, from both CTEM-CRUNCEP and CTEM-GEM are generally in agreement, despite the differences in the meteorological inputs and the spin-up approach. Thus, despite the imperfect TEM spin-up procedure used for CTEM-GEM and the change in meteorological forcing, the simulation driven by retrieved fluxes (CT2013B) is similar to that achieved with CLASS-CTEM prior fluxes. This result is consistent with the finding of (Ott et al., 2015 ) that large differences in prior flux estimates result in only small differences in CO 2 concentrations.
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The reason is that once the fluxes enter the atmosphere, the gradients they create are slowly smoothed out by various modes of atmospheric variability. Thus, concentrations reflect the time integrated history of past fluxes smoothed by atmospheric mixing.
Inversion Analyses
The results in the previous two sections revealed that the GEM-MACH-GHG simulation of atmospheric CO 2 using CTEM-GEM and CTEM-CRUNCEP fluxes are comparable. They also indicate that the model driven with CTEM-GEM fluxes is 30 able to reproduce temporal variations in atmospheric CO 2 at the selected sites. Since CTEM-GEM will be used as the land component of EC-CAS, which is presently under development and thus not yet available, here we use the GEOS-Chem data assimilation system to examine the impact on regional flux estimates of using CTEM-GEM and CTEM-CRUNCEP as prior fluxes in the context of an atmospheric CO 2 inversion analysis. To determine how the retrieved fluxes obtained with the two CTEM-based priors compare to other documented inverse modelling results, we also perform an inversion analysis using BEPS prior fluxes, which is the ecosystem model used in the GEOS-Chem inversions of Deng et al. (2014 Deng et al. ( , 2016 , and we compare our results to the retrieved fluxes from CT2013. Figure 12 shows the seasonal cycle of the a posteriori NEE from the GEOS-Chem inversion analyses using the three different a hemisphere.
Seasonal Cycle of the Flux Estimates
20
The amplitude of seasonal cycle of the optimized NEE from CTEM-CRUNCEP is significantly reduced compared to the a priori seasonal cycle in almost all land regions. The changes in the amplitude of the seasonal cycle for CTEM-GEM are smaller than those for CTEM-CRUNCEP. This might indicate that CTEM-GEM has the ability to simulate the seasonal cycle of CO 2 fluxes that is more consistent with the atmospheric CO 2 signal.
Annual Mean Flux Estimates
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The total annual a priori and a posteriori NEE from the GEOS-Chem inversion analyses for 2009-2010 are shown in Fig.   13 for the 11 land TransCom regions, along with the optimized values from CT2013B. Note that the tropical Asia panel has a different scale. All models estimate a sink (both for the a priori and the a posteriori) for the North America temperate, South American tropical, and Eurasian regions (except for temperate Eurasia, which has a source for CTEM-GEM prior).
The largest difference between the a priori and a posteriori NEE in terms of the sign and magnitude were obtained for the These results are consistent with previous findings (e.g., Peters et al., 2007; Miller et al., 2015) , which showed that optimized CO 2 fluxes in inversion analyses are heavily influenced by the spatial patterns in the a priori CO 2 fluxes, particularly in regions where observations are sparse (i.e. tropics and southern Hemisphere).
Evaluation of the Inversions
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To more effectively evaluate the assimilation results, we compare the a posteriori CO 2 fields with independent data that were not ingested in the assimilation. Listed in Table 4 We also compare the a posteriori CO 2 fields with HIPPO aircraft data in the lower troposphere (see Table 5 ).
As with the comparison to TCCON data, we find that the a posteriori fields based on BEPS fluxes produce the smallest RMSEs relative to the aircraft data, with the fields from CTEM-GEM fluxes producing smaller RMSEs than those obtained from the CTEM-CRUNCEP fluxes. For the HIPPO-1 campaign, the a posteriori fields based on CTEM-CRUNCEP fluxes produce the compared to CTEM-CRUNCEP. This implies that the spatial pattern of the a priori fluxes from CTEM-GEM provides a better constraint than CTEM-CRUNCEP for the inversion system.
Conclusions
CLASS-CTEM will be used to provide first-guess (a priori) terrestrial fluxes for the Environment Canada Carbon Assimilation System (EC-CAS) (Polavarapu et al., 2016 ). The transport model of EC-CAS that relates surface fluxes to atmospheric CO 2 5 concentrations is based on the GEM-MACH-GHG model (Polavarapu et al., 2016) . To ensure consistency between the land and transport model, CLASS-CTEM will be driven by the standard meteorological forcing simulated (24 h forecast) by GEM-MACH-GHG. Therefore, the main focus of this study was to assess the impact of using the meteorological inputs from GEM-MACH-GHG in simulating both regional and global carbon fluxes by CLASS-CTEM.
We first evaluated the quality of the meteorological inputs from GEM-MACH-GHG against the standard meteorological forc-10 ing (CRU-NCEP) that is used to drive the latest versions of CLASS-CTEM, as well as against observation-based or reanalysis datasets. The comparison between the datasets indicates that the meteorological fields from GEM-MACH-GHG used in this study are similar in quality to those from observations-based datasets (CRU and CRU-NCEP) and reanalysis (ERA-Interim).
The comparison also shows that radiation and temperature data from GEM-MACH-GHG and CRU-NCEP are in good agreement. However, there are some notable discrepancies between GEM and CRU-NCEP in terms of seasonal variations and spatial
15
patterns of precipitation estimates, especially in the tropics, with GEM being drier than CRU-NCEP, ERA-Interim, and CRU.
That might indicate that the convective scheme used in GEM-MACH-GHG system needs to be improved in particular over the tropics.
The differences in the precipitation fields between GEM-MACH-GHG and CRU-NCEP was reflected in the estimated carbon fluxes (GPP and R eco ). The amplitude and, to a lesser extent, the phase of the seasonal cycle are different between the 20 two simulations, especially in the tropics. This is consistent with the findings of Dalmonech et al. (2015) , who found that meteorological biases significantly control the magnitude of the productivity rather than the phenology and the seasonal cycle of carbon fluxes. Fluxes produced with GEM meteorology were obtained using a modified spin-up procedure based on current climate only. While it is clearly unsatisfactory to use a short climatology to spin-up carbon pools, it is an inevitable problem when coupling a TEM to an assimilation system since the latter focus on only a few years at a time. Moreover, operational 25 weather assimilation systems are constantly changing so long datasets of analyses are simply not possible to obtain. Despite the deficiencies in the spin-up procedure, the fluxes produced from CTEM-GEM were comparable in quality to those produced from CTEM-CRUNCEP. Moreover, the global constraint from observations is sufficient to determine the global budget irrespective of the choice of a priori flux. In fact, some inverse models use a neutral annual a priori flux to better assess the ability of the observations to constrain the flux estimates (Deng et al., 2014) . However, regional flux estimates are affected by the be treated with caution due to the negative biases in the precipitation fields compared to all other datasets (i.e. ERA-Interim, CRU, and CRU-NCEP).
To assess their ability to model CO 2 at monitoring stations, NEE fluxes from CTEM-CRUNCEP and CTEM-GEM were used as a priori land fluxes in the GEM-MACH-GHG global atmospheric CO 2 transport model. The comparison indicated that the simulated CO 2 based on CTEM-GEM compared reasonably well with observed CO 2 in terms of temporal variations.
5
However, the time series of the modelled CO 2 at the two selected sites indicated some difficulties in capturing the seasonal cycle of the observations, which can be attributed to the deficiencies in simulating the seasonal cycle of NEE from CLASS-CTEM in terms of phase as well as the magnitude, especially for the fluxes based on the CRU-NCEP meteorological data. The deficiencies in simulating the seasonal cycle was also noticed in the study by Arora et al. (2009) , who compared simulated monthly CO 2 from CanESM1 (CTEM used as the land component of that model) against observations at selected sites and
10
found that there was a shift in the seasonal cycle (about a month later) at Barrow, Niwot Ridge, and Mauna Loa (see their Figure 11 ). The study by Anav et al. (2013) , which compared 18 Earth system models, also showed that CanESM2 has some limitations reproducing the net uptake of carbon during spring and summer months.
To examine the impact of using fluxes from CTEM-GEM and CTEM-CRUNCEP as a priori flux estimates in atmospheric inversion analyses, we used the GEOS-Chem data assimilation system since EC-CAS is still under development. We assimilated Finally, this study provided insights into the deficiencies in the model, and data constraints (both meteorological and atmospheric CO 2 data). By coupling CLASS-CTEM into EC-CAS, a CCDAS approach becomes possible where observational constraints give feedback on a TEM. Ultimately, such an approach can help to improve the performance of CLASS-CTEM, and thus improve the CanESM which is used to address the question of the feedback between climate change and the carbon cycle.
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